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Abstract 
One of most important concerns in electrical power markets and distribution network is supplying the customer 
demands. It is necessary to forecast the usage of electrical power in distribution network. The pattern of electrical 
power usage depends on many different parameters such as the density of population in those areas, the week days, 
weather condition and etc. However, the electric utilities and regulators face difficult challenges evaluating new 
energy efficiency and smart grid programs prompted by recent state. In this paper, it is tried to forecast the electrical 
power usage according to above parameters by using artificial neural network base on service sharing strategies 
regarding that can help meet their energy efficiency policy goals. It is tried to find out the pattern of electrical power 
usage with the dataset which is prepared by real data. Therefore, it has been used here is useful in all kind of power 
forecasting such as short term, middle term, and long term. It can be helpful to manage the distributed generators 
production schedule and also correction of electrical power usage. 
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1. Introduction 
The term “smart grid” refers to a reworking of electricity infrastructures encompassing technology, 
policy, and business models. Substantial amounts of government investment in several countries and 
regions have been devoted to smart grid research, development, and deployment. Smart grids are being 
pursued in order to address several challenges associated with today’s power and energy systems, notably 
the following: 
x Economics: Utilities and service providers today are sometimes forced to pay high prices for 
electricity that is import from grid connected neighbors at times of shortage or transmission 
congestion. 
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x Reliability: In developed economies, transmission infrastructure is aging and new infrastructure 
investment is lagging the increase in consumption and the addition of new generation. As a 
consequence, grid reliability is worsening.  
x Energy security: The electrification of road transportation is seen as a strategy to reduce imports 
of foreign oil and gas. The additional load on the grid required, the individual loads are created 
additional challenges for today’s power systems. 
At the same time, smart grid investments and developments are covering the entire electricity value 
chain: generation, transmission, distribution, markets, and increasingly, consumers. The role of the end-
use customer is in particular focus, primarily because the increasing penetration of wind and solar power 
is necessitating a more active role for energy management in homes, buildings and industries. The 
intermittency and unpredictability of renewable generation sources is in sharp contrast to traditional 
power generation. However, an often stated objective of the smart grid is to enable building and/or 
industries demands to be more responsive to utility and grid system loads [1]. By potentially providing 
utility capability for direct load control, measurement in support for dynamic pricing, and as well the 
granular data needed for energy use to be more precisely targeted to consumer needs, the smart grid may 
enable significant electric energy savings as well as peak demand savings.  
This paper considers these questions, and proposes architectural directions for the smart grid that 
compare utility-controlled and consumer-controlled energy networks. With utility control, the intelligence 
of devices is derived from a central control point via a private utility network. With consumer control, 
these devices use a control system that is located in the home or business, or on the internet but ultimately 
managed by the needs of the consumer.    
2. Methodology                                      
This study is based on knowledge discovery in databases process using data mining, commonly used 
to extract previously unknown, non-trivial, and useful patterns from different data sources. The steps are 
presented in the Fig 1. This process contains three main steps: cleaning and integration, selection and 
transformation, and data mining. In this case, they were applied to select consumers for inspection against 
consumption irregularities in electric power distribution networks.  
The step of cleaning and integration, different data sources obtained from databases and next files 
were processed to generate a single and consistent database. Initially, seven data sources were considered: 
database of all consumers and their socio-economic characteristics; history of inspections; historical 
consumption; history of services requested by clients; history of ownership exchanges; history of queries 
debits; and history of meter reading. All data sources were integrated using a common key as consumer 
installation code. Thus it was possible to remove incorrect or duplicate records, generating a single 
database from the seven sources, used as input for the data mining algorithm (training and classification). 
In this context, only the records with valid inspection results were considered. 
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Fig. 1. The model for evaluation and forecasting 
 
The step of selection and transformation, statistical techniques were applied for data selection and 
transformation. The attribute selection was performed using a multivariate correlation analysis and 
information gain method, generating some key attributes of the model as shown in table 1. 
 
  Table 1. Key attributes of the model 
No. Name Type Description 
1 Location Nominal Consumer location (city + neighbourhood) 
2 Business class Nominal Business class (e.g. residential, industrial, commercial, among 
others) 
3 Activity type Norminal Activity type (e.g. residence, drugstore, bakery, public 
administration, among others) 
4 Voltage Nominal Consumer voltage (220 volts) 
5 Number of phases Nominal Number of phases (1 or 3) 
6 Situation Nominal Is consumer connected? (yes, no) 
7 Direct debit Nominal Type of direct debit 
8 Metering type Nominal Type of electricity metering 
9 Mean consumption Nominal Mean consumption during the previous 12 months 
10 Service notes Nominal Are there service notes requested by consumers during the 
previous 12 months? (yes, no) 
11 Ownership exchange Nominal Are there ownership exchanges during the previous 12 month? 
(yes, no) 
12 Query debits Nominal Are there query debits during the previous 12 months? (yes, no) 
13 Metering reading Nominal Are there meter reading notes during the previous 12 months? 
(yes, no) 
14 Inspection (Output) Nominal The inspection result 
 
The data transformation was performed by normalization methods. The min-max method was used 
to transform the single numerical attribute Mean Consumption, wherein each value is converted to a 
range between 0 and 1. For the nominal attributes, two distinct methods were applied: if the number of 
distinct values was less than five, the binary method was applied; otherwise the one-of-N method was 
used. At the same time, the problem addressed here (Data mining) is a supervised classification one 
because there are real inspections’ records to be used for the training step. An artificial neural 
network/multilayer perception (ANN-MLP) was used for the dataset training and classification. 
According to Haykin [2], the MLPs using the backpropagation algorithm have been successfully applied 
to solve many similar complex problems, such as pattern recognition, classification, data preprocessing, 
etc. Therefore, we applied it to solve our problem with the configurations that are presented here. 
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However, Smart grid is a broad objective, addressing opportunities for enhanced communications 
and control in transmission and distribution of electricity. Within distribution, a key component under 
consideration is Advanced Meter Infrastructure (AMI), which is usually defined as measuring energy use 
at the meter at hour intervals or less and communicating these reads at least daily to utility.   However, it 
remains ambiguous as to whether the deployments will include the elements needs for efficiency and 
demand response. Some parameters such as reliability, power loss, voltage profile and etc. are more 
important in this part of power system and this is all because of being the large number of customer in 
distribution networks and load profile [3, 4]. These parameters can be used in forecasting the electrical 
load which is classified in four classes: 
x Very short term load forecasting: The load forecasting for 1 minute to few hours. 
x Short term load forecasting: The load forecasting for 1 day to 1 week. 
x Medium term load forecasting: The load forecasting from several weeks to one or several years. 
x Long term load forecasting: The load forecasting up to 20 years.  
The condition and necessity one of these classes is used in load forecasting such as reference [5] 
introduces a brief overview in long term forecasting methods. Reference [6] multi-layer perceptions 
network is used to estimate the load in short term by using 2 variables; the historical load demand and 
time. Reference [7] used the Artificial Neural Network (ANN) to forecast electrical power load according 
to hours in short term. In this paper is tried to find out the way to forecast the electrical power load in 
power distribution network by using artificial neural network with the help of MATLAB software. The 
input is involved 3 features; historical load demand, weather, and time. Mean square error is used as 
performance measure. The method of learning in ANN which is used in this study is back propagation.  
The ANN-MLP’s architecture used three layers: input, hidden and output layers. The input layer contains 
n neurons, wherein n is equal to number of bits of the normalized values. In the hidden layer, the number 
of neurons is equal to the geometrical mean between the numbers of neurons in the input and output 
layers [2]. The output layer contains a single neuron to classify the consumers as fraudsters or non-
fraudsters.  
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Fig. 2. Neural network model 
3. Results 
For a model of traffic exchange in service sharing, the development of exchanges/portals is involved 
substantial requirements for accessing and integrating data, traffic and services. The consequent 
realization of these requirements led to infrastructures. Implementation of both, instruments and 
infrastructures, required adequate modelling techniques that consider the specifics of modelling context in 
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communication work, economic models and competences of individuals, teams and communities, types 
and maturity levels of data, processes and composition of ICT services.  
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Fig. 3. The Markov chain model of the service provider (SP) behavior in the two IX providers case 
 
However, the SP’s behavior can be modelled by four-state discrete-time Markov chain (see Fig. 3) in 
which state E1 corresponds to the SP attempting to route traffic through the operator E1, state E2 
corresponds to the SP attempting to route traffic through the operator E2, state Z corresponds to a 
successful route to destination SP, and state T corresponds to the SP leaving the process. Both states Z 
and T are absorbing, since the completion of an IX route or the transit switching terminates the SP’s 
attempt process (through IX environment). The transition probabilities are indicated on the arcs 
connecting the circles representing the chain states.  
The time is represented by the number of time slots, so that, indicating by X the actual state, P[X(n) = 
Ei] (i=1,2) is the probability that the n+1th routing attempt is placed through the IX provider Ei, P[X
(n) = 
Z] is the probability that the routing traffic has been completed through internet exchange environment 
within the first n attempts, and P[X(n) = T] is the probability that the SP has given up and switching traffic 
to transit service provider after no more than n attempts. 
The starting conditions (state distribution before the first route attempt) are 
 
P[X(0) = E1] = p       (1) 
P[X(0) = E2] = 1 – p      (2) 
P[X(0) = Z] = 0       (3) 
P[X(0) = T] = 0       (4) 
 
Since the SP switches from E1 to E2 only if its route congested and if it does not switch to transit 
service provider, the transition probability from E1 to E2 is C1 (1 – pT). Consequently, the probability of a 
route placed through IX provider E1 being completed in a single attempt is 1 – C1. From the SP’s 
perspective the goal is to complete the traffic routing to the destination network. The first quality of 
service parameter of IX service provider is therefore the congestion probability that SP experience. In our 
model the SP continually toggles between two IX providers until the SP either completes its connection to 
destination or switching to transit service provider; such a network design can be labelled the dynamic 
routing design. Fig. 4 shows the regions of the (c1, p) plane where the dynamic routing design is favoured 
when the IX provider E2 congestion probability is 0.07 and 0.1 respectively. At the same time, we can 
calculate the SP traffic sharing between the two IX providers now. The process is completed as SP 
successfully routes its internet traffic to the destination network through IX provider E1. The probability 
that a route is completed through IX provider E1 at the nth attempt is   
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P1
(n) = P[X(n-1) = E1]P[X
(n) = Z|X(n-1) = E1]    (5) 
 
These probabilities reflect the proportions by which the overall traffic offered by an SP is distributed 
between the two IX providers. Then we also find the traffic shares of the two IX providers are modified 
with respect to the initial share probability p and 1-p because of the congestion probability it occurred. An 
example of the route-by-route choice is reported in Fig 5, where the traffic share of the incumbent IX 
provider falls from 85% to 45% when its congestion probability is 15% and competitor’s congestion 
probability is 5%. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4.Effect of forecasting when C2 varies Fig. 5.Exchange of traffic share during the route attempt 
processes (p=0.6; C1=o.2; C2=0.07; pT=0.03) 
 
For the simulation, the dataset is 580 samples of three elements so the dataset is matrix that has 580 
rows and three columns which its 1st column is time, the 2nd column is weather, and the last column is 
customers’ electrical power usage. In this paper is tried to find the way to forecast the power usage. The 
network setting is original back propagation 4 inputs and 1 output. The hidden layers, the learning rate 
setting, momentum and number of Epoch changes in the cases while stopping criteria is 0.008 and the 
performance measure is MSE (Mean Square Error). 
 
  Table 2. Result of training in different cases 
Case No. Iteration Performance Gradient MU Reason of Stopping 
1 15 2.88*109 7.33*10-5 1*1011 Max MU reached 
2 2510 0.180 9.98*10-6 0.01 Min gradient reached 
3 26 2.81*109 3.06*10-5 1*1011 Max Mu reached 
4 6224 0.0235 9.76*10-6 1*10-8 Min gradient reached 
5 28000 0.0211 5.01*10-5 1 Max epoch reached 
6 658 0.0140 9.54*10-6 0.01 Min gradient reached 
7 28000 0.0184 0.000598 0.1 Max epoch reached 
8 655 0.0148 9.87*10-6 0.01 Min gradient reached 
9 662 0.0158 9.96*10-6 0.1 Min gradient reached 
10 28000 0.0103 0.000241 0.1 Max epoch reached 
11 160 0.0065 0.00185 0.01 Performance goal met 
12 66 0.0066 0.00821 0.001 Performance goal met 
13 76 0.0082 0.00121 0.01 Performance goal met 
14 45 0.0076 0.12500 0.01 Performance goal met 
15 32 0.0074 0.05821 0.01 Performance goal met 
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4. Conclusion 
The result of this simulation shows the high efficiency of the neural network in forecasting the 
electrical power load. At the same time, we analyze the traffic model in the service exchange (IX) 
environment. We can simulate the market share through competition between two exchange providers. So 
it can be said that this method is not limited to any of the classes that described before because if we have 
the weather parameters it is possible to forecast the load. This research about load forecasting can be 
helpful for scheduling on requirement on developing electrical distribution network, selling energy, 
maintenance and also standby the sources.  
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